Emission measurements are a valuable source of information regarding the condition of gas turbine combustors. Aging of the hot gas path components can lead to an emission increase, which may ultimately require a readjustment of operational settings and accordingly impacts plant availability and maintenance. While NOx emissions may become crucial in high flame temperatures at full load, carbon monoxide emissions typically restrict low-load operation, which electricity markets demand more frequently due to the increasing penetration of intermittent renewable power. This paper presents a semiempirical carbon monoxide model that allows for quantifying the evolution of carbon monoxide emissions for GT24/GT26 heavy-duty gas turbines in commercial long-term operation. Input parameters to the derived carbon monoxide model are either directly measured or reconstructed by virtual measurements based on a simplified engine model. The method is developed with commissioning and operation data of three different gas turbines of GE's GT24/ GT26 fleet and validated over a total of 8.5 years of observation. Aging is accounted for by incorporating control sensor deviation and the formation of cold spots in the combustor into the semiempirical model. When these effects are taken into account, the carbon monoxide prediction is improved by up to 60% in terms of root mean square error of the log10(carbon monoxide) values compared to a benchmark case without consideration of aging.
Introduction
Current market conditions require flexible gas turbines 1 and especially the ability to operate at low load during times of low electricity prices. Due to the common reduction of firing temperatures with decreasing load, carbon monoxide (CO) emissions limit the achievable engine turndown. 2 Aging-induced CO emissions may further restrict the market access of a gas turbine, as the CO margin of a given combustion technology to the strict legal limits would be reduced during low load. In order to provide and extend low-load gas turbine operation, reliable and comprehensive gas turbine modeling approaches offer a possibility to understand gas turbine behavior, reduce maintenance costs, 3 and enable longterm emission compliance by optimized operation and monitoring. In the case of CO, different modeling approaches exist, such as reactor network modeling, CFD, analytic modeling, or purely statistical modeling, depending on the exact purpose and available computational power and/or data. Statistical modeling can be a powerful and fast approach for data analysis of large data sets. For instance, Turgut 4 quantified the influence of ambient temperature on CO emissions for different aircraft engines. Similar investigations were previously done by Hung. 5 Artificial neural networks as a special application of statistical models are also able to predict pollutant emissions when adequate training data are available. 6 Still, useful information about the governing physical phenomena is not explicitly incorporated in statistical models, which inhibits, for example, their extrapolation capacity. 7 Though empirical models are commercially available as a replacement for continuous emission monitoring systems (CEMSs). Bainier et al. 8 recently reported their progress on the development of such a predictive emission monitoring system, which however requires recalibration every quarter of the year. In contrast, physical models such as reactor networks 2, 9 and CFD simulations [10] [11] [12] are able to predict spatially resolved CO formation and thus allow for detailed physical investigation of combustor design and operation aspects. The accuracy and success of these methods are highly dependent on the existence and quality of boundary conditions, such as oxidant and fuel composition and flow, temperature, pressure, and detailed geometry. 13 While CFD simulation needs exact component geometry and is computationally expensive, reactor network approaches are usually based on simple geometry and are faster to process, but require additional parameter identification and estimations such as residence times in different reactors, heat loss factors, or unmixedness.
14 Semiempirical analytic CO prediction can deal with a less complete description of the combustion chamber by nature as parameter identification is part of the model setup. However, semiempirical modeling incorporates the underlying physical concepts, while keeping the advantage of very low computational effort. To cite a few examples, Connors et al. 15 developed a semiempirical CO correlation for utility combustion turbines. The correlation features a formulation of characteristic times for CO oxidation and evaporation of the liquid fuel derived from physical laws. The residence time before quenching was, however, assessed by detailed geometry information of the combustion chamber. A Damko¨hler number, derived by the characteristic times, was shown to correlate with CO emissions by a linear function, which was fit to existing data. Similarly, Lefebvre 16 developed and evaluated a correlation for CO prediction, where flow proportions and operating conditions were implicitly accounted for. The model was successfully tested on different jet engine combustors with varying geometry. More recently, Therkorn et al. 17 assessed burner switch-off concepts for the auto-ignited sequential combustor in the GT24/GT26 gas turbine and successfully modeled its influence on CO emissions with a semiempirical model. Enriching this approach with accurate kinetics in a simple reactor model, Gu¨the et al. 2 demonstrated the capability to capture the effect of fuel reactivity (i.e. hydrocarbon and hydrogen content) at lab and engine scale. However, the abovementioned investigations mostly deal with design features and new components. Long-term prediction performance of theoretical models is reported to be an issue, since aging effects may cause deviating operation characteristics. 18 When these aging effects are added to the method, semiempirical models offer an improved long-term predictability. Such models are also suitable for monitoring, since root causes for engine deterioration can be linked online to a real component, as previously shown for NOx emissions. 19, 20 Similar to these existing approaches for NOx, this paper aims at creating a semiempirical CO model for online emission monitoring, diagnosis, and operational support for, e.g. occasional engine readjustment. The model must thus be able to cover aging effects in longterm operation, identify root causes for emission progression, and provide extrapolation capability for the principal operation parameters beyond the originally mapped envelope. In order to develop a physically meaningful model with a potentially broad application, general theoretical examinations are derived from kinetics and are supplemented by simulations of a generic and simplified reactor model for auto-ignited combustion. Findings from this general analysis provide inputs to the final semiempirical CO model, which is identified and validated on three engines from GE's installed base of the GT24/GT26 engine family (see Figure 1 ).
Data
For model identification and testing there are two different datasets available: commissioning and readjustments data as well as long-term operation data. Commissioning and readjustments data sets include a broad parameter variation at different loads of the engine and thus allow for a complete description of the engines' emission characteristics. Table 1 and  Table 2 show the available data after filtering. The applied filter removes obviously erroneous measurement points (such as negative emissions) and deletes irrelevant operation points with marginal CO emissions below a certain threshold or very high CO emissions far outside the legal operation range. Potentially erroneous measurements were detected by comparison of the permanently installed CEMS to a redundant, reliable emission measurement system which is used only during commissioning.
The data from commercial long-term operation consist of 5 min averaged measurements from three GT24/ GT26 gas turbines featuring standard measuring points such as pressures along the gas path, turbine outlet temperatures, ambient conditions, fuel flow, and fuel composition. To enhance data quality and remove occasional signal errors, commercial data were further processed using a mild filter as described in Lipperheide et al. 20 Obviously irrelevant operation conditions such as rotational speeds out of the grid frequency range or standstill times with no fuel mass flow or values outside the defined CO thresholds were also deleted.
Methodology
After a short introduction to the characteristic CO emission behavior of the GT24/GT26, the derivation of an analytic CO model and its relation to previously existing approaches is presented. Required measurements and boundary conditions are discussed and evaluated by a simplified engine model approach. The presented CO model is then fit to commissioning data sets of gas turbines to make it consistent with enginespecific behavior. Before the model can be extended to long-term data, a driving aging phenomenon is detected from long-term data analysis and added to the modeling approach. Eventually, commercial long-term operational data are used for CO and aging model validation.
The GT24/GT26 with sequential combustion
This particular engine type features a sequential combustion with two combustion chambers (termed EV (EnVironmental burner) and SEV (Sequential EnVironmental burner), respectively) that are separated by a high pressure turbine (HPT). 21 In this particular architecture, only the second, auto-ignited SEV combustor is relevant for CO emission modeling as potentially occurring CO from the first (i.e. EV) combustor is fully oxidized in the SEV. In return, the exact inlet composition of the oxidant, which is the exhaust gas from the EV combustion chamber plus cooling air, remains imprecise and its calculation may add undesired inaccuracy to the method. The uncertainty in this gas composition further demonstrates the superiority of the semiempirical approach, which does not have to rely on exact gas parameters, but on more global measurements.
CO formation and burnout modeling
CO is an intermediate product of the combustion process of hydrocarbons. Detailed investigations on combustion kinetics and reaction paths conclude that the formation of CO during combustion occurs along many different paths and intermediate products in inflame kinetics. However, the further oxidation of CO yields only the end-product CO 2 , as for example explained in Glassman et al. 23 showed that governing elementary chemical reactions for the CO oxidation can be expressed by the following reduced kinetics
Connors et al. 15 and Klarmann et al. 11 state moreover that only equation (4) is relevant for CO oxidation under gas turbine combustion conditions. Additionally, the concentration of OH is assumed to be in steady state (½OH ¼ const) in high-temperature postflame eddies, where CO oxidation occurs. 22 Neglecting the irrelevant inverse reaction, the time-dependent conversion of CO then follows the simple differential equation
whose solution is an exponential function that asymptotically approaches zero instead of the equilibrium with time, as inverse reaction is neglected. Accordingly, the occurrence of CO in gas turbines' exhaust is caused by insufficient kinetic progress to completion. As similarly proposed by Connors et al., 15 CO concentration can thus be modeled as a decreasing exponential function of a dimensionless characteristic time
where postflame is a measure for the residence time in the postflame zone and the difference of overall residence time residence and ignition delay time ignitiondelay . As schematically illustrated in Figure 2 , complete oxidation implicitly includes the reaction rate constant k, while res represents the overall residence time. The dimensionless time reduced is a measure for the burnout progression, ranging from reduced ¼ 0 (no burnout) to reduced ¼inf, while the first occurrence of complete burnout (CO concentration sufficiently close to its equilibrium) is reached at reduced ¼ 1 by definition. 2 The oxidation of CO leads thus to a decline of the initial value CO peak of equation (6) to its equilibrium CO equil by oxidation of ÁCO peak ¼ CO peak À CO equil with (reduced) time and slope
According to investigations by Klarmann et al. 11 the physical meaning of the peak value is the CO concentration at the transition point from an in-flame CO kinetic to its postflame equivalent, thus the starting point of the postflame oxidation.
Development of a semiempirical model
While the characteristic time-based modeling approach described above allows for detailed chemical modeling and gives insight into the chemical processes of CO oxidation, it cannot be successfully extended to the present engine operational data set. Important boundary conditions such as the fuel and oxidant flows, which these time scales are very sensitive to, are not available during commercial long-term operation with the required accuracy. Moreover, reactor models lack the possibility to easily adapt for changing engine-or even burner-specific characteristics (i.e. aging) during operation by parameter identification. The advantage of semiempirical approaches is thus to allow for the adaptation to different burners/engines and the use of already available or reliable reconstructed measurements. Therefore, the above presented formulation for CO oxidation is adapted to standard global gas turbine parameters and made suitable for subsequent application to long-term data with aging. First, the exponent of equation (8) is transformed into a spatial-dependent formulation so that overall residence time res can be expressed by a global combustor length z com and the volumetric flows ( _ V pre and _ V post ) before and after combustion, using the assumption of a constant cross-sectional area A com and the kinematic relation of
The remaining two characteristic times ign and ox are replaced by first-order approximations of global combustion chamber parameters as pressure p, combustor inlet temperature T in , and hot gas temperature T hg (i.e. mixture temperature at combustor exit) and respective model parameters , , , ,
While both times depend on their respective temperature levels and the combustor pressure, the function for ox can be simplified due to the coupling of both variables in gas turbine operation, where pressure and hot gas temperature are directly related under given choked turbine conditions. Equations (9) to (11) are then used in equation (8), where input parameters are referenced to enhance the numerical stability for later parameter identification
The number of model parameters , , , , , , and z com can be further reduced by introducing bð1Þ ¼ Á ð com Þ and similarly for , , , and results in equation (13)
For further simplification, the choked capacity of the low-pressure turbine downstream of the SEV combustor is assumed to be constant and the influence of _ v pre is estimated to be negligible at the given parameter variations, so that both velocities ($ volumetric flows) are regarded as constant and can be ignored in the numerical expression
Additional determining influences on CO emissions are fuel composition and humidity, due to their significant effects on ignition delay. So called long-chain carbohydrates C 2þ show a higher reactivity than pure methane, which results in shorter ignition delays during auto-ignition and thus lower CO emissions compared to methane combustion at equal combustion conditions. High humidity in the air has an opposite effect on CO emissions as high water content in the oxidant extends the ignition delay. As both phenomena are difficult to assess by gas turbine operation data analysis due to their infrequent and random appearance, a generic reactor, programmed in the Cantera environment in Matlab, serves as an auxiliary tool. The generic reactor features a plug-flow characteristic which makes it suitable to account for auto-ignition effects, similar to the actual combustor. The chemistry is modeled in detail with the Saudi Aramco Mechanism, developed at the National University of Ireland Galway. 24 Although the assumption of a plug-flow reactor simplifies an auto-ignited gas turbine combustion chamber by neglecting cooling flows, it ensures that the driving preand postflame kinetics of CO oxidation are explicitly modeled without secondary effects. Eventually, the reactor model allows for a calculation of an equivalent inlet temperature T þ in at reference fuel composition and humidity. The difference between T þ in and T in compensates for the changes in the ignition delay by these effects through a corresponding change in temperature which would have the same effect on ignition delay
Equation (14) is thus extended to
The final equation (16) serves as the governing expression for predicting CO emissions at the SEV combustor outlet as a function of its inlet temperature, pressure, and hot gas temperature. The five unknown parameters bð1 À 5Þ are implicitly related to kinetic and/or engine-specific parameters and thus allow for an engine-specific adaptation by parameter identification. As CO equil is a purely physical parameter, it is not fit to the specific engine but modeled by an exponential expression as a function of combustor outlet temperature only. The value of ÁCO peak is, however, burner specific and dependent on boundary conditions such as air-fuel ratio or oxidant gas composition. Especially in-flame phenomena are expected to influence this peak value. For the sake of simplicity and mathematical stability of the parameter identification, these influences are not modeled and a constant ÁCO peak is set according to findings from Klarmann et al. 11 The choice of a constant ÁCO peak is consistent with investigations made by Connors et al. 15 Their linear modeling approach also sets a constant y-intercept, which can be interpreted as a CO peak value.
Required measurements
While T in is equal to the measured turbine outlet temperature of the HPT (T HPT, out )
and p is also recorded during gas turbine operation, the hot gas temperature T hg is not directly assessed. This value is reconstructed from measured engine parameters (see Figure 3 ) through a surrogate model that has earlier been derived from the engine's design model. This approach turns out to be a very reliable and practical possibility to create these virtual measurements with little computational effort. 20 It is worth noting that the widely studied compressor aging 25, 26 has thus only a negligible influence on the above presented CO formulation as is inherently independent from mass flows by the assumptions made, the existence of a measured combustor inlet temperature T inlet , and a hot gas temperature T hg assessment by turbine mapping (see Figure 3 ).
Parameter identification
The commissioning and readjustment data of each engine serve as the parameter identification data set to determine the parameters b of equation (16) with a leastsquare fitting method in Matlab. Since CO emissions can vary up to four orders of magnitude during gas turbine operation, parameter identification, result visualization, and evaluation are done in logarithmic scale (basis 10) to achieve a balanced weighting of the different scales.
In the modeling approach, CO measurements are nonnormalized and refer to actual concentration in the wet exhaust gas. This is necessary for a sequential combustion engine since the second combustor reduces the oxygen content significantly depending on the operating conditions, thus the standard normalization to 15% O 2 would bias the analysis. The water content in the exhaust gas is recalculated by a global element balance, starting from the remaining oxygen content and incorporating the intake air humidity and the total fuel mass flow when available. Figure 4 shows the obtained fitting accuracy for all three engines (a-c) and an evaluation of the accuracy of their continuous emissions measurement system versus the redundant one used as a reference during commissioning (d). The model accurately reproduces CO emissions in a wide range but loses accuracy at low emissions levels. The low CO concentrations are in the accuracy range of the measurement system itself so that a random distribution can be observed in this emission range, also when comparing the two measurement systems. Thus, low CO emissions below a threshold were initially excluded from all data sets for further evaluation.
Model extension to long-term operational data
Before the CO model can be extended to long-term operational data, possible aging phenomena, which may influence the CO emission, must be incorporated into the model. While the standard model function (equation (16)) uses the mean of all circumferential temperature measurements to determine the inlet temperature, the incorporation of aging requires a more detailed approach: During operation, the secondary air flow distribution (i.e. cooling air) may change due to sealing degradation or fouling, as also reported by Gulen et al. 27 in the context of performance deterioration. This may cause the temperature inhomogeneity between individual burners to increase. Even if spatial temperature differences level out in a mean temperature calculation, they affect global emission formation, and in particular CO, which is known to be sensible to local phenomena: Locally low temperatures increase the ignition delay for individual burners and accordingly reduce the time available for oxidation, which eventually leads to a reduced CO burnout and thus increasing emissions. The inlet of the second combustor, which is governing CO formation, is a complex assembly that is particularly exposed to thermomechanical wear due to the high temperatures at the HPT outlet. Cooling and leakage flows are therefore likely to change, and accordingly affect the local temperature distribution and ignition delay. To take such local effects into account, an obvious approach is to determine the individual CO formation of the 24 burners within the annular combustor based on their individually measured inlet temperature. However, a drawback of the method is its sensitivity to single outliers in the temperature measurement, which are themselves also biased by leakage. 20 A more balanced approach is to group the burners into g ¼ 3 groups with d ¼ 3 cold burners in group g ¼ 1, d hot in group g ¼ 2, and ð24 À 2 Þ average burners in group g ¼ 3 according to the long-term behavior of the temperature spread schematically shown in Figure 5 , which displays qualitatively a hypothetical temporary evolution of thermocouple measurements at their respective azimuthal location. The total CO formation of the combustor is then the weighted addition of the CO emission of each zone
The actual gas temperature thereby differs itself from ongoing aging of the engine from the average of all thermocouple measurements due to measurement bias described by Lipperheide et al. 20 Figure 5 thus shows two different aging effects: First, the so-called temperature shift describes the general negative deviation of the averaged temperature measurements from the actual gas temperature, which has been determined and validated with an analysis of NOx measurements and redundant temperature measurements in Lipperheide et al. 20 Second, the temperature spread describes the existence of hot and cold spots, respectively, their degree of deviation. Based solely on standard gas turbine instrumentation, an accurate evaluation of the cause and impact of the temperature deviations with aging is not feasible explicitly. Temperature measurements could either show actual cold zones by shifted cooling air leakage, or just deteriorated measurements by thermocouple aging and/or cold gas streaks, which are expected to only marginally influence the actual inlet temperature (and thus CO production) of an individual burner. In order to account for these two aging influences, i.e. temperature inhomogeneity due to cooling air leakage and measurement bias due to cold streaks, temperature measurements for each gth thermocouple group (ranging from g ¼ 1 ¼ hottest to g ¼ 3 ¼ coldest) are corrected according to a constant parameter X over lifetime t, which is a measure for the share of actual cooling air leakage compared to total assessed temperature deviation (see Figure 6 )
with ÁT g, in ðtÞ ¼ T g, in ðtÞ À T in, corr ðtÞ ð 20Þ Figure 5 . Schematic deviation of circumferential thermocouples to corrected gas temperature. The black circle indicates zero deviation (¼ideal initial state).
where þ denotes again the described surrogate temperature to account for fuel composition and ambient condition changes as detailed in equation (15) .
Thus, X ¼ 1 describes the case where deviation over lifetime is entirely caused by actual cooling air leakage, whereas X ¼ 0 associates all deviation to the measurement bias by marginal cold gas streaks. As X is an engine-specific aging parameter, its constant value is identified during long-term operation by minimizing the overall model deviation between CO prediction and measurement. It is worth noting that this entire method still enables a clear distinction between data used for model identification (i.e. commissioning data) and model validation (long-term data from commercial unit operation) as the adaptable parameter X is assessed by already existing long-term data solely. In a potential application during gas turbine operation, this aging factor X would thus be updated regularly during operation, as the increasing historical database with operation allows for an ongoing improvement of its prediction.
Validation metrics
Long-term CO prediction results are compared using the root mean square error (RMSE) RMSE ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi P n t¼1 ðlog 10 ðc CO pred ðtÞ À log 10 ðc CO meas ðtÞÞÞ
where n is equal to the number of data points ( Table 3) . Residuals of CO prediction for timestep t are calculated by CO resid ¼ log 10 ðc CO meas ðtÞÞ À log 10 ðc CO pred ðtÞÞ ð22Þ
All graphical representations of CO emissions from the three engines are normalized with an arbitrary reference value.
Results
The combination of the CO model (equation (16) ) and the aging model for the combustor air distribution (equation (20)) allows for a quantification of the aging influence on CO emissions. In order to illustrate this influence, two cases are distinguished. Case 1 predicts CO emission over operation time when considering the evolution of cold and hot zones in the T þ g, in ðtÞ temperature distribution. Case 2 only uses the average T þ in, corr ðtÞ for all 24 burners and therefore disregards aging of the temperature homogeneity. The parity plots between the actual measured and the respective predicted CO emissions display the accuracy of each model, while the comparison of these plots for case 1 versus case 2 highlights the influence of aging on CO emission formation, which can then be quantified by comparing the corresponding RMSE values (see Table 3 ).
Based on the metrics given in Table 3 and the residual distributions in Figure 7 , the best match between predicted and measured CO emission is obtained in case 1 for all engines. Table 3 shows that CO predictions for all engines are significantly improved with the incorporation of the aging model. However, the accuracy of the model and the impact of aging differ among the engines for several reasons. The RMSE of engine A is improved by 60% and the RMSE of engine C by 58% when incorporating aging. As engine B runs obviously more often at its nominal load than A and C, CO levels and thus their prediction error are generally lower. As illustrated in the residual time series presented in Figure 8 , the aging effect is also less prominent (15%) for this specific engine. Whereas engines A and C show a clear underprediction of CO emissions with increasing operation time ($aging) in case 2 without modeling of aging effects, the residuals displayed for engine B are mostly superimposed to the ones that disregard aging phenomena. As explained before, this small aging influence should also be expressed in the model by a very small aging factor X in the range of zero. The method however calculates the factor X equal to 0.12. This adaption of the aging factor X concerning engine B to a nonzero value can thus be seen as an overcompensation, which does not reduce the prediction error introduced by aging significantly (see Table 3 ) but compensates for model inaccuracies in a nonphysical way instead. Figure 8 also illustrates a secondary effect that leads to obvious residuals. In both cases, residuals appear to meander with seasonal changes (less clear for case 2, since seasonal influences are superimposed by aging for case 2 in Figure 7 ) in a way that CO emission is overpredicted in colder ambient conditions. This is plausibly explained by a change of the cooling air flow distribution that is not considered in the model. Low ambient temperatures induce changes in mass flow and thus pressure levels in the compressor stages, which then correlate with a lower pressure drop (see Figure 8 (b)) in the cooling air flow system of the combustor. Provided that the geometry of the cooling channels is imposed by the installed hardware, this leads to a reduction of volumetric cooling flow and ultimately to a delayed quenching in the combustor. Thus, the time for CO oxidation is prolonged and real CO emissions eventually decrease, which is however not quantified, but clearly revealed by the results.
Conclusion
The present paper has developed a methodology to model CO emissions of GT24/GT26 heavy-duty gas turbines with sequential combustion. Particular focus has been given to the influence of aging in long-term commercial operation, which emerges as a sensible contribution that requires appropriate consideration in the engine and emission models. The approach is applied to long-term data of three engines of GE installed service fleet, which demonstrates encouraging results. Based on both measured parameters and virtual measurements that are constructed to represent the conditions in the combustor, an analytic CO model is identified on commissioning data of the investigated gas turbines. The model is then able to represent the engine behavior for several years of operation between major overhauls with an adequate accuracy when accounting for aging effects. The major phenomenon for deteriorating CO emission performance is modeled as cold gas leakage that locally increases the ignition delay of the affected burners in the sequential combustor, and thus increases the CO emission level by reducing the time available for oxidation. This aging phenomenon is successfully modeled by grouping burners into cold and hot sections, which significantly improves the model accuracy by up to 60% in terms of RMSE. The reliable description of CO emissions in aged combustors may eventually help to determine optimal operation and control parameters for commercial longtime gas turbine operation: Quantifying the influence of engine aging on CO allows for an online evaluation of the engine state by emissions monitoring solely and emerges as a meaningful indicator for a conditionbased maintenance. The model may also serve to predict the impact of possible control changes (e.g. adjustment of control parameters) to balance aging effects. Both approaches, i.e. online monitoring and online control parameter adjustment, promise to improve environmental performance, increase engine availability, reduce production losses, and avoid costly manual readjustments of the engine while maintaining legal emission compliance and operational flexibility to low loads.
